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This paper focuses on analysing the influence of geometric design characteristics on traffic
safety using bi-directional data on a divided roadway operated under heterogeneous traffic
conditions in India. The study was carried out on a four lane divided inter-city highway in
plain and rolling terrain. Statistical modelling approach by Poisson regression and Negative
binomial regression were used to assess the safety performance as occurrence of crashes
are random events and to identify the influence of the geometric design variables on the
crash frequency. Negative binomial regression model was found to be more suitable to
identify the variables contributing to road crashes. The study enabled better understanding
of the factors related to road geometrics that influence road crash frequency. The study
also established that operating speed has a significant contribution to the total number of
crashes. Negative binomial models are found to be appropriate to predict road crashes on
divided roadways under heterogeneous traffic conditions.
© 2016 Periodical Offices of Chang'an University. Publishing services by Elsevier B.V. on
behalf of Owner. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Traffic safety is of major concern in a developing country.
Researches on traffic safety have been widely reported since
1960s, Solomon (1964) relating road crashes in rural highways
to speed, vehicle and driver. Several studies have been carried
out to identify the factors contributing to road crashes and
measures to reduce the crash rate. Several reported studies
relate geometric design consistency to road crashes are
under homogeneous traffic conditions (Aljanahi et al., 1999;
Aram, 2010; Cafiso et al., 2010; Hadayeghi et al., 2003; Kang
et al., 2005; Lee et al., 2011; Naderan and Babaei, 2011;72; fax: þ91 44 2257 0509
Vayalamkuzhi), av@iitm.
al Offices of Chang'an Un
g'an University. Publishin
se (http://creativecommoPersaud, 1994, 2000). Road crashes are complex events and
are influenced by many factors such as road geometric
design, traffic volume and composition, speed differentials
between vehicles of the same class and different classes,
weather, motivation for travelling, driver's physical and
mental conditions and so on (Aljanahi et al., 1999).
In India, as per the recent statistics, around 0.14 million
people die and 0.4 million people get injured due to road
crashes every year, with a fatality rate of 11.8 (MORTH, 2015).
Approximately half of road crash victims are vulnerable road
user's viz.motorcyclists, pedestrians and cyclists (WHO, 2009).
The traffic conditions are highly heterogeneous in India,.
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dynamic characteristics and all such vehicles use the same
right-of-way without any physical segregation. Thus, the
vehicles of the said heterogeneous traffic, under high-
volume conditions, move on Indian roads by sharing the
available road space without sufficient lateral as well as
longitudinal clearances. The lane-less movement further
add to the complexity of analysing/modelling heterogeneous
traffic. Under heterogeneous traffic, the effect of speed
reduction on vehicles of the same class and vehicles of
different classes and their speed differentials along curves
on road safety needs an investigation.
Research works were conducted to evaluate the influence
of speed on the safety of roadways. According to AASHTO e
geometric design of highways and streets (2001), “the safest
speed for any highway depends on design features, road
conditions, traffic volumes, weather conditions, roadside
development, spacing of intersecting roads, cross-traffic
volumes, and other factors”. Most of the studies considered
the operating speed as the 85th percentile speed of those
vehicles travelling on the roadway and found speed-relatedFig. 1 e Layout of thcrashes are more likely to occur at mid-blocks than at
intersections (Lamm et al., 1990; Liu and Chen, 2009; Lu,
2006). Models were also developed to study the dependence
of crash rates on speed and geometric characteristics, which
showed that they are not linearly related (Garber and
Ehrhart, 2000). Vehicle speed could be related to traffic
safety in two ways: (a) greater a vehicle's velocity, lesser the
time available for the driver to react to a hazard in the
presence of other motorists, bicyclists, or pedestrians. If this
relationship exists, it would be expressed in relative
incidence of crashes at different speeds and (b) due to the
physical relationship of mass and speed to energy, it would
be possible to express the relative severity of crashes at
different speeds (FHWA, 1998). Most of the studies were
carried out on undivided rural highways and a few on
divided highways.
Research related to geometric characteristics showed that
few variables have significant effect on the safety of roadways.
Radius of curves was identified as one of the significant vari-
ables while defining the effect of horizontal and vertical
curves on road crashes and also while estimating the speedse study stretch.
Fig. 2 e Major causes of crashes along study stretch.
Fig. 3 e Direction-wise variation of crash frequency.
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cantly when radii are below 200 m (Aram, 2010; FHWA, 2000).
Super elevation, degree of curve, shoulder width and average
daily traffic also contributes to road crashes (Aram, 2010).
Researchers also concluded that roads with heavier traffic
volume, more road lanes and higher speed limits tend to
have more severe crashes (Ma et al., 2010).
Studies related to divided roadway showed that the pres-
ence of raised medians reduces crash rate up to 15% and also
the severity of crashes (Frawley and Eisele, 2005; Sawalha and
Sayed, 2003). The significance of access point density and
medians on traffic safety analysis was studied by Frawley and
Eisele (2005). Statistical methods like Poisson and negative
binomial regressions were used to analyse the safety of
highway because of the rare and random nature of crash
occurrence (Sawalha and Sayed, 2003). From the reported
literature and highway design characteristics, it is clear that
the variables which significantly affect the safe operation of
a highway are gradient, super elevation/cross slope,
operating speed, presence of access point, presence of
median, curvature, traffic volume etc. (Aram, 2010; FHWA,
2000; Frawley and Eisele, 2005; Garber and Ehrhart, 2000; Ma
et al., 2010; Milton and Mannering, 1998; Sawalha and Sayed,
2003). Among the different methods adopted for the
analysis, Poisson, PoissoneGamma (PG) or negative binomial
(NB) model still remains as the most popular method used
for analysing count data (Geedipally et al., 2014). Use of
Generalized linear models (GLMs) is most appropriate and
soundly-based approach for the analysis of safety, and they
are used for establishing relationships between crashes,
flows and road or junction geometry (Maher and
Summersgill, 1996). Joshua and Garber (1990) used Linear
and Poisson regression models to develop relationship
between highway geometrics and truck crashes in Virginia.
The study concluded that linear regression techniques did
not adequately describe the relationship, but the Poisson
models did. Poisson regression model with the exponential
rate function was the favoured model (Miaou and Lum,
1993). Miaou (1994) used NB regression to study the
relationship between highway geometrics and crashes. The
performance of Poisson and NB models were also evaluated
in their study. Thus, from the reported works, it is evident
that GLM techniques, viz. Poisson and NB model are
particularly useful for analysing road crashes and safety.
As far as Indian scenario is concerned, data collection and
their availability are major issues as systematic data collec-
tion and road crash database are not in place. Few studies
were carried out focused on the development of crash pre-
dictionmodels (APM) for a particular type of road,mainly rural
roads. Regression models were found appropriate for evalu-
ating road crashes (Dinu, 2012; Robert, 2006; Ramesh and
Kumar, 2011; Singh, 2004). Because of the random nature of
crash occurrence, Poisson and NB regression models were
found appropriate for evaluating crash rate, casualties and
injuries, where as for estimating property damage, multiple
regression model were developed (Robert, 2006). APMs were
developed using Poisson model with random coefficients to
predict single vehicle and multi-vehicle crashes for
evaluating the safety performance of two-lane undivided
rural roads (Dinu, 2012).By virtue of the fact that the level of safety on roads is
greatly influenced by the local roadway and traffic condi-
tions, the available literature of road safety are specific to a
particular roadway and traffic conditions. Several research
reports that relate geometric design characteristics to road
crashes are based on homogeneous and lane following traffic
conditions and hence the results of the studies from devel-
oped countries may not be directly applicable to heteroge-
neous traffic such as the one prevalent in developing
countries like India. Limited studies report on road safety
under heterogeneous traffic due to non-availability of the
reliable data and limitations of the available models for an-
alyses. The objective of the present study is to identify and
quantify the influence of geometric design characteristics on
bi-direction traffic safety under heterogeneous traffic flow
and also to develop models based on the identified variables
for the prediction of road crashes on divided intercity
highways.2. Data description
The study is carried out on a four lane divided intercity
highway of 100 km aligned in plain and rolling terrain in India
catering to heterogeneous traffic condition. Fig. 1 shows the
layout of the study stretch. The data related to geometric
design characteristics were collected using Hawkeye;
Fig. 4 e Longitudinal and cross sectional profile of study stretch. (a) Southbound. (b) Northbound.
Fig. 5 e Speed profile and crash frequency along the study stretch. (a) Southbound. (b) Northbound.
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Fig. 6 e Composition and growth of vehicles. (a) Southbound. (b) Northbound.
J. Traffic Transp. Eng. (Engl. Ed.) 2016; 3 (6): 559e570 563automated data collection equipment developed by ARRB and
was extracted using Hawkeye processing toolkit by standard
rating form.
Crash history was collected from records for the study
stretch for a period of four years, from 2009 to 2012. The data
includes the type and cause of the crashes, time of day, details
of the vehicles and victims, weather, roadway geometrics etc.
Fig. 2 shows the major causes of crashes along the study
stretch and it can be seen that over speed contributes to 39%
of the total crashes. The crash frequencies are observed to
be different for both directions of travel as seen in Fig. 3.
The crash rate of southbound traffic was approximately 60%,
whereas it is 40% in the case of northbound. This data
provides motivation for the present study.
Geometric characteristics of the highway such as gradient,
cross slope, horizontal curvature, vertical curvature, pave-
ment width, shoulder condition and shoulder width were
collected using Hawkeye as mentioned earlier and are shown
in Fig. 4 (a) and (b). It can be seen from these figures that the
geometric design characteristics are not uniform throughout
the roadway. The variations in geometric characteristics
may contribute to an increase in the number of crashes.
Operating speed of the roadway is estimated using a hand
held GPS. The average operating speeds and number of
crashes along the corridor are plotted for southbound and
northbound and are depicted in Fig. 5 (a) and (b). It can beTable 1 e Summary statistics of the variables.
Variables Notation Southboun
Min. Max. Mean
Crash frequency (numbers) CF 0.00 68.00 13.88
Gradient (%) G 5.36 2.55 0.28
Cross slope (%) CS 3.94 3.14 1.71
Horizontal curvature (1/km) HC 0.81 0.94 0.10
Vertical curvature (1/km) VC 0.05 0.04 0.0001
Speed (km/h) OS 39.00 67.80 57.50
Access point (presence) AP 0 1 e
Median opening (presence) MO 0 1 e
Annual average daily traffic
(No. of 10,000 vehicles)
AADT 235.80 369.30 321.80
Number of lanes e 2 2 e
Shoulder width (m) SW 0.50 1.50 e
Median width (m) MW 1.00 4.00 eseen that the number of road crashes are significantly high
in locations where deviation in the operating speed are
observed due to an inconsistency in the geometric profile.
Details of the traffic characteristics was collected using
video capturing techniques and also from records. Traffic
characteristics collected includes speed, classified volume
and density. Operating speed of the vehicles plying the high-
ways is collected using hand held GPS, which records speed of
the vehicles at an interval of 5 s. The data collected using video
camera was extracted manually, for obtaining traffic compo-
sition. Other features like access density, median type, me-
dian opening and roadside features were also collected to
assess the level of safety. The speed limit of the highway was
100 km/h. The composition and growth of vehicles are shown
in Fig. 6. There are seven major classes of vehicles, viz. two-
wheeler (2-W), three-wheeler (3-W), four-wheeler (4-W) like
cars which is predominant, light commercial vehicles (LCV),
bus, truck and multi-axle vehicles (MAV), plying the study
roadway. Traffic volume was observed to be higher in the
southbound as compared to the northbound direction.
From the field observation and preliminary analysis such as
scatter plot and correlation matrix, the variables influencing
crashes are identified and are used for themodel development
to analyse safety performance. Summary statistics of the
variables considered in the analysis and the characteristics of
the roadway under study is shown in Table 1.d Northbound
Std. deviation Min. Max. Mean Std. deviation
10.82 0.00 30.00 10.15 6.03
1.20 3.02 5.75 0.11 1.23
1.59 5.04 2.82 1.48 1.56
0.31 1.79 1.38 0.02 0.47
0.02 0.002 0.060 0.0005 0.02
5.80 37.20 72.60 62.50 6.33
e 0 1 e e
e 0 1 e e
599.40 228.00 359.30 311.70 586.60
e 2 2 e e
e 0.50 1.50 e e
e 1.00 4.00 e e
Table 2 e Results of Poisson regression for the year 2009.
Variables Southbound Northbound
Coefficient Standard error z Coefficient Standard error z
Constant 0.132 0.766 0.17 1.796** 0.785 2.29
Gradient 0.346*** 0.041 8.52 0.178*** 0.063 2.82
Cross slope 0.108* 0.062 1.73 0.011 0.066 0.16
Hori curve 5.017* 0.244 1.82 0.153 0.209 0.73
Vert curve 0.016 2.981 1.68 2.430 2.606 0.93
Speed 0.064 0.014 1.19 0.043*** 0.012 3.72
Accesspt 0.063 0.093 0.69 0.078 0.101 0.77
Mediopen 0.308*** 0.094 3.27 0.474*** 0.122 3.87
AADT 0.0002 0.0003 0.49 0.0002 0.0004 0.37
Log likelihood function 193.355 155.412
AIC 404.700 328.800
Chi squared (8 d.f.) 93.342 29.643
R squared predicted 0.572 0.263
Over-dispersion test 3.373 2.062
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.
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The present work attempts to quantify the influence of geo-
metric design characteristics by developing models and to
predict the number of crashes under heterogeneous traffic
condition for divided inter-city roads. The data analysis was
carried out using Poisson and NB regression models. Fixed
length segmentation is adoptedand the study stretch is divided
into sections, each of one km length. To explore the relation-
ship between the number of road crashes as dependent vari-
able and geometric design characteristics as independent
variables, it is better to apply Poisson and/or NB regression
model because of the non-negative integer nature of crash
occurrence. These models account for a unique distribution of
count data by preserving the validity of statistical analysis
(Miller and Freund, 1977). To assess the fitness of the regression
model to the observed data, likelihood ratio and Akaike's
Information Criteria (AIC) are used (Naderan and Babaei,
2011). The model which shows the minimum AIC value isTable 3 e Results of Poisson regression for the year 2010.
Variables Southbound
Coefficient Standard error
Constant 1.112 0.739
Gradient 0.435*** 0.036
Cross slope 0.052 0.057
Hori curve 0.337 0.213
Vert curve 5.545* 2.979
Speed 0.044*** 0.013
Accesspt 0.055 0.089
Mediopen 0.172** 0.084
AADT 0.0007*** 0.0003
Log likelihood function 246.219
AIC 510.400
Chi squared (8 d.f.) 210.169
R squared predicted 0.764
Over-dispersion test 2.446
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.considered as the best model (Cummings, 2009; Greene, 2008;
Miller and Freund, 1977; Naderan and Babaei, 2011).3.1. Poisson regression model
Poisson regression is a method for analysing data that have
non-negative integer values, which has a wide range of
application on rare event count data (Dinu, 2012). Poisson
regression model has the general form as shown in Eq. (1)
lgðYÞ ¼ Interceptþ b1x1 þ b2x2 þ b3x3 (1)
The link function for Poisson regression is usually a log
transformation of the mean, Eq. (2). It assumes that the mean
equals the variance, referred to as equi-dispersion property of
Poisson.
P

yi
 ¼ expðliÞliyiyi! (2)
where li is the Poisson parameter of the number of crashes,
which is equal to E(yi). Poisson regression models are esti-
mated by specifying the Poisson parameter li as a function ofNorthbound
z Coefficient Standard error z
1.50 1.826** 0.854 2.14
12.10 0.122** 0.062 1.97
0.91 0.171** 0.068 2.52
1.58 0.264 0.215 1.23
1.86 4.790* 2.902 1.65
3.35 0.047*** 0.014 3.46
0.62 0.295*** 0.095 3.10
2.05 0.048 0.092 0.52
2.67 0.0010** 0.0004 2.52
157.743
333.500
47.414
0.345
0.003
Table 4 e Results of Poisson regression for the year 2011.
Variables Southbound Northbound
Coefficient Standard error z Coefficient Standard error z
Constant 0.998 0.652 1.53 0.923 0.777 1.19
Gradient 0.383*** 0.038 10.00 0.186** 0.075 2.49
Cross slope 0.133** 0.063 2.13 0.034 0.076 0.45
Hori curve 0.320 0.234 1.37 0.022 0.263 0.08
Vert curve 2.928 3.237 0.90 1.927 3.173 0.61
Speed 0.043*** 0.012 3.63 0.006 0.012 0.52
Accesspt 0.015 0.099 0.15 0.092 0.115 0.82
Mediopen 0.141 0.089 1.57 0.225** 0.096 2.35
AADT 0.0006** 0.0003 1.98 0.0012*** 0.0004 3.03
Log likelihood function 225.377 157.465
AIC 468.800 332.900
Chi squared (8 d.f.) 184.509 38.639
R squared predicted 0.6930 0.4501
Over-dispersion test 2.524 0.954
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.
J. Traffic Transp. Eng. (Engl. Ed.) 2016; 3 (6): 559e570 565explanatory variables. The explanatory variables and the
Poisson parameter is related by the log-linear model as in Eq.
(3).
li ¼ E

yi
 ¼ expðbXiÞ (3)
where Xi is a vector of explanatory variables and b is a vector
of estimate parameter. Eq. (4) is log-likelihood function LL(b)
that can be used for estimating the model and is given by
LLðbÞ ¼
Xn
i¼1
 expðbXiÞ þ yibXi  Lnyi! (4)
3.2. NB model
NB regression is used formodelling over-dispersed count data.
It does not assume an equal mean and variance and is
particularly suitable when the variance is greater than the
mean (Miller and Freund, 1977; Cummings, 2009). The form of
the model is same as that for Poisson regression, with an
additional parameter a to model the over-dispersion. TheTable 5 e Results of Poisson regression for the year 2012.
Variables Southbound
Coefficient Standard error
Constant 0.713 0.858
Gradient 0.381*** 0.053
Cross slope 0.101 0.075
Hori curve 0.770*** 0.275
Vert curve 13.822*** 3.739
Speed 0.031** 0.016
Accesspt 0.193* 0.113
Mediopen 0.156* 0.090
AADT 0.0010*** 0.0004
Log likelihood function 166.455
AIC 350.900
Chi squared (8 d.f.) 139.754
R squared predicted 0.695
Over-dispersion test 1.835
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.Poisson regression model can be considered as a limiting
model of the NB regression model, as the value of a ap-
proaches 0 (Naderan and Babaei, 2011). The selection between
these two models is dependent on the value of the parameter
a. The general form of NB regression is same as that of Poisson
regression. The likelihood function L(li) is shown in Eq. (5).
LðliÞ ¼ Pi
G
ð1=aÞ þ yi
Gð1=aÞyi!

1=a
ð1=aÞ þ li
1=a
li
ð1=aÞ þ li
yi
(5)
3.3. Goodness of fit
To assess the fit of the model to the observed data, likelihood
ratio, AIC and so on are generally used. Likelihood ratio chi2
statistic is chi2 distributed with degrees of freedom equal to
the difference in the numbers of parameters in the restricted
bR and unrestricted bu model. AIC helps in identifying the best
model and is defined in Eq. (6).
AIC ¼ ½  2LnðbuÞ þ 2b=N (6)Northbound
z Coefficient Standard error z
0.83 1.259 0.985 1.28
7.18 0.019 0.086 0.22
1.34 0.155* 0.0914 1.69
2.80 0.519 0.322 1.61
3.70 2.026 3.742 0.54
1.98 0.032** 0.015 2.08
1.71 0.110 0.131 0.84
1.73 0.033 0.131 0.25
2.88 0.0009* 0.0005 1.89
127.489
273.000
13.668
0.127
2.226
Table 6 e Results of Poisson regression for the years 2009e2012.
Variables Southbound Northbound
Coefficient Standard error z Coefficient Standard error z
Constant 0.613 0.423 1.45 0.511 0.545 0.94
Gradient 0.392*** 0.020 19.20 0.005 0.033 0.16
Cross slope 0.027 0.032 0.84 0.117*** 0.036 3.23
Hori curve 0.099 0.123 0.81 0.192 0.120 1.60
Vert curve 0.757 1.555 0.49 1.084 1.582 0.68
Speed 0.034*** 0.007 4.57 0.023*** 0.009 2.66
Accesspt 0.191*** 0.047 4.02 0.214*** 0.054 4.00
Mediopen 0.038 0.042 0.88 0.083 0.052 1.61
AADT 0.0001*** 0.0003 3.51 0.0008 0.0004 0.02
Log likelihood function 462.602 290.119
AIC 943.200 598.200
Chi squared (8 d.f.) 549.321 58.079
R squared predicted 0.724 0.223
Over-dispersion test 4.059 4.391
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.
J. Traffic Transp. Eng. (Engl. Ed.) 2016; 3 (6): 559e570566where Ln (bu) is the log-likelihood value of the model, b is the
number of variables and N is the number of observations. The
model which has the minimum AIC value is considered as the
best one (Naderan and Babaei, 2011).4. Results and discussion
In order to quantify the influence of geometric design char-
acteristics on a four lane divided highway on the number of
crashes, preliminary analysis was carried out to identify the
relationship. The influence of geometric profile on the crash
frequency was studied by relating the number of crashes to
operating speed and to the radius of curve. The results showed
that crash frequency increases when there are variations in
the geometric profile. It was also observed that theTable 7 e Results of NB regression for the year 2009.
Variables Southbound
Coefficient Standard error
Constant 0.338 1.262
Gradient 0.287*** 0.067
Cross slope 0.121 0.116
Hori curve 0.432 0.459
Vert curve 3.739 4.587
Speed 0.024 0.022
Accesspt 0.081 0.163
Mediopen 0.289 0.179
AADT 0.0002 0.0005
Alpha (Dispersion parameter) 0.272*** 0.098
Log likelihood function 173.904
AIC 367.800
Chi squared (1 d.f.) 38.902
Model restrictions on negative bin.
Log Chi squared [d.f
Poisson 193.36 93.30 [8]
Negative bin. 173.90 38.90 [1]
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.southbound direction contributes to more number of crashes
(about 35%) than the northbound. This clearly shows that
there is a direction-wise variation in the crash frequency. This
is due to variations in the geometric profile and traffic volume.
These results provided motivation for performing further
analysis so as to determine the significantly influencing
variables.
To understand the effect of identified variables, the bi-
directional data were used for developing model by statistical
modelling approach. Poisson and NB regression models were
developed both year-wise and direction-wise (southbound
and northbound) usingNLOGIT 5 statistical tool. The results of
Poisson regression models developed for the entire study
period are presented in Tables 2e6.
Poisson regression model results show that the identified
independent variables are significant at 1%, 5% and 10% level.Northbound
z Coefficient Standard error z
0.27 1.623* 0.924 1.76
4.30 0.164 0.105 1.57
1.04 0.008 0.110 0.07
0.94 0.162 0.405 0.40
0.81 1.411 3.349 0.42
1.08 0.041*** 0.013 2.97
0.49 0.048 0.158 0.31
1.61 0.475*** 0.184 2.58
0.37 0.0002 0.0006 0.34
2.76 0.144* 0.084 1.72
152.069
324.100
6.685
Model restrictions on negative bin.
.] Log Chi squared [d.f.]
155.41 29.60 [8]
152.07 6.70 [1]
J. Traffic Transp. Eng. (Engl. Ed.) 2016; 3 (6): 559e570 567The log-likelihood function showed a lower value of 127.489
and an upper value of 462.602. In order to assess the good-
ness of fit, AIC value was calculated and the minimum value
was found to be 273.000. Themodel evaluationwas conducted
by analysing AIC value and was found that northbound
models have lower values compared to southbound models.
The independent variable which has a positive coefficient in
the model reflects that for each one unit increase in the
magnitude of the variable there is an increase in the number
of crashes and vice versa. From the models, it was observed
that the horizontal curvature, operating speed, access points
and AADT have positive coefficients in most of the models
developed. These results show that crash frequency increases
with an increase in operating speed and access point and
decreases with a decrease in curvature. The over-dispersion
value was greater than 1 for most of the developed models,
with a mean value of 1.943, which clearly indicate the over-
dispersion of data. Hence attempts were made to develop NB
regression models for both year-wise and direction wise. The
results obtained for the entire study period (2009e2012) are
given in Tables 7e11 respectively.
From the developed NB regression models, the identified
independent variables are found to be significant at 1%, 5%
and 10% levels. The dispersion parameter, a ranges from
0.0001 to 0.376. The log-likelihood value was found to be
varying from 127.491 to 297.903. The minimum AIC value
was estimated to be 275.000. It was observed that among the
identified variables, the co-efficient for the variables, speed,
access points andmedian opening are positive for most of the
models, i.e., the crash frequency is directly proportional to
operating speed and access points. For example, a 10 km/h
increase in operating speed results in a 40% increase in crash
frequency, while a decrease of horizontal curvature (increase
in radius) by 0.1/km leads to a reduction of crash frequency by
1.4%, under heterogeneous traffic, provided other variables
remains constant. Themodel evaluationwas carried out usingTable 8 e Results of NB regression for the year 2010.
Variables Southbound
Coefficient Standard error
Constant 0.289 1.356
Gradient 0.329*** 0.078
Cross slope 0.026 0.126
Hori curve 0.148 0.538
Vert curve 2.139 5.908
Speed 0.030 0.025
Accesspt 0.082 0.202
Mediopen 0.010 0.182
AADT 0.0004 0.0004
Alpha (Dispersion parameter) 0.333*** 0.101
Log likelihood function 205.021
AIC 430.000
Chi squared (1 d.f.) 82.396
Model restrictions on negative bin.
Log Chi squared [d.f
Poisson 246.22 210.20 [8]
Negative bin. 205.02 82.40 [1]
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.the likelihood ratio and AIC values. These values were found
to be lower for NB models than that obtained using Poisson
regression models, which shows that NB model performs
better than Poisson regression model.
This work is assumed to be the first study on analysing the
influence of geometric design characteristics on the level of
safety using bi-directional data on a divided roadway operated
under heterogeneous traffic. However, there are some limita-
tions in the study. Data collection and their availability are
major issues as systematic data collection and road crash
database are not in place. Due to this, the length of the study
stretch was less than 100 km and only few identified variables
were considered in the model development after preliminary
analysis. Another limitation is the excluding of driver charac-
teristics, which is one of themost influencing variables. Due to
the difficulty in collecting the driver-related data under het-
erogeneous traffic condition, the variable was not considered.
Further studies need to be carried out to generate potential
crash prediction models (CPM) by taking this into account.5. Conclusions
The influence of geometric design characteristics on the level
of safety on a four-lane divided intercity roadway in India,
operated under heterogeneous traffic condition was studied.
Bi-directional data were used for developing models by sta-
tistical modelling approach. Poisson and NB regression
modelswere developed for both year-wise and direction-wise.
Based on the developedmodels, the following conclusions are
drawn.
 Geometric characteristics were observed to vary for both
directions of travel. These variations affect the traffic
characteristics thereby decreasing the level of safety,
resulting in more crashes.Northbound
z Coefficient Standard error z
0.21 1.826** 0.928 1.97
4.20 0.122 0.078 1.57
0.21 0.170** 0.077 2.19
0.28 0.263 0.263 1.00
0.36 4.790 4.128 1.16
1.19 0.047*** 0.013 3.54
0.41 0.295*** 0.100 2.93
0.06 0.048 0.103 0.47
0.99 0.0010** 0.0004 2.36
3.28 0.0001 0.062 0.00
157.743
335.500
e
Model restrictions on negative bin.
.] Log Chi squared [d.f.]
157.74 47.40 [8]
157.74 0.00 [1]
Table 9 e Results of NB regression for the year 2011.
Variables Southbound Northbound
Coefficient Standard error z Coefficient Standard error z
Constant 2.334* 1.221 1.91 0.832 1.018 0.82
Gradient 0.312*** 0.074 4.21 0.181* 0.097 1.86
Cross slope 0.127 0.112 1.13 0.033 0.087 0.38
Hori curve 0.180 0.464 0.39 0.063 0.324 0.20
Vert curve 2.759 6.212 0.44 1.622 3.907 0.42
Speed 0.068*** 0.023 3.00 0.007 0.017 0.44
Accesspt 0.029 0.209 0.14 0.109 0.135 0.81
Mediopen 0.105 0.196 0.54 0.204* 0.112 1.82
AADT 0.0006 0.0006 0.99 0.0010** 0.0005 2.26
Alpha (Dispersion parameter) 0.420*** 0.132 3.19 0.106 0.107 1.00
Log likelihood function 190.694 155.775
AIC 401.400 331.600
Chi squared (1 d.f.) 69.364 3.378
Model restrictions on negative bin. Model restrictions on negative bin.
Log Chi squared [d.f.] Log Chi squared [d.f.]
Poisson 225.38 184.50 [8] 157.46 38.60 [8]
Negative bin. 190.69 69.40 [1] 155.78 3.40 [1]
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.
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obtained using NB regression model were lower than that
of Poisson regression models, which shows the better
ability of NB model in predicting crashes.
 Operating speed, access point, median opening and hori-
zontal curvatures (inverse radius) are identified as the sig-
nificant factors influencing road crashes in adividedhighway
under heterogeneous traffic using the same carriageway.
 It is found that a 10 km/h increase in operating speed in-
creases the crash rate by 40% and a 0.1/km decrease in
horizontal curvature reduces the crash rate by 1.40% only.Table 10 e Results of NB regression for the year 2012.
Variables Southbound
Coefficient Standard error
Constant 1.207 1.195
Gradient 0.346*** 0.069
Cross slope 0.079 0.114
Hori curve 0.489 0.408
Vert curve 12.990** 6.344
Speed 0.039* 0.022
Accesspt 0.143 0.164
Mediopen 0.148 0.145
AADT 0.0009* 0.0005
Alpha (Dispersion parameter) 0.197 0.133
Log likelihood function 161.421
AIC 342.800
Chi squared(1 d.f.) 10.068
Model restrictions on negative bin.
Log Chi squared [d.f
Poisson 166.46 139.80 [8]
Negative bin. 161.42 10.10 [1]
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.The study resulted in a better understanding of the effect of
geometric design characteristics on crash frequency and
observed that operating speed contributes significantly to the
number of crashes. The study recommends that the value of
horizontal curvature, one of the main highway design char-
acteristics, should be keptminimumasmuch as possible from
the safety point of view. This will lead to maintaining safe
operating speed along the highway. The developed negative
binomial regression models may be suitable for analysing the
level of safety on divided roadways operated under hetero-
geneous traffic.Northbound
z Coefficient Standard error z
1.01 1.259 0.958 1.31
5.01 0.019 0.123 0.15
0.69 0.155 0.105 1.46
1.20 0.519 0.429 1.21
2.05 2.019 5.095 0.40
1.77 0.032* 0.014 2.20
0.87 0.110 0.149 0.73
1.02 0.033 0.179 0.18
1.73 0.0009 0.0006 1.38
1.48 0.0003 0.135 0.00
127.490
275.000
e
Model restrictions on negative bin.
.] Log Chi squared [d.f.]
127.49 13.70 [8]
127.49 0.00 [1]
Table 11 e Results of NB regression for the years 2009e2012.
Variables Southbound Northbound
Coefficient Standard error z Coefficient Standard error z
Constant 0.596 1.356 0.44 0.324 1.022 0.32
Gradient 0.278*** 0.060 4.63 0.016 0.068 0.23
Cross slope 0.026 0.098 0.26 0.114 0.074 1.54
Hori curve 0.138 0.382 0.36 0.255 0.293 0.87
Vert curve 2.590 4.622 0.56 2.024 3.326 0.61
Speed 0.035 0.023 1.46 0.026 0.015 1.64
Accesspt 0.191 0.160 1.19 0.222** 0.112 1.97
Mediopen 0.002 0.154 0.02 0.077 0.108 0.71
AADT 0.0009 0.0009 0.97 0.00005 0.0008 0.06
Alpha (Dispersion parameter) 0.376*** 0.06956 5.41 0.193*** 0.055 3.49
Log likelihood function 297.903 257.584
AIC 615.800 535.200
Chi squared(1 d.f.) 329.39845 65.071
Model restrictions on negative bin. Model restrictions on negative bin.
Log Chi squared [d.f.] Log Chi squared [d.f.]
Poisson 462.60 549.30 [8] 290.12 58.10 [8]
Negative bin. 297.90 329.40 [1] 257.58 65.10 [1]
Note: ***, **, * mean the significance at 1%, 5%, 10% level, respectively.
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